Radiometric normalization is an essential preprocessing step that must be performed to detect changes in multi-temporal satellite images and, in general, relative radiometric normalization is utilized. However, most relative radiometric normalization methods assume a linear relationship and they cannot take into account nonlinear properties, such as the distribution of the earth's surface or phenological differences that are caused by the growth of vegetation. Thus, this paper proposes a novel method that assumes a nonlinear relationship and it uses a representative nonlinear regression model-multilayer perceptron (MLP). The proposed method performs radiometric resolution compression while considering both the complexity and time cost, and radiometric control set samples are extracted based on a no-change set method. Subsequently, the spectral index is selected for each band to compensate for the phenological properties, phenological normalization is performed based on MLP, and the global radiometric properties are adjusted through postprocessing. Finally, a performance evaluation is conducted by comparing the results herein with those from conventional relative radiometric normalization algorithms. The experimental results show that the proposed method outperforms conventional methods in terms of both visual inspection and quantitative evaluation. In other words, the applicability of the proposed method to the normalization of multi-temporal images with nonlinear properties is confirmed. Relative radiometric normalization, on the other hand, is an image-based normalization method that selects one image as a reference and matches the radiometric characteristics of a subject image [13, 14] . That is, relative radiometric normalization is generally utilized since the multi-temporal images are normalized into common scales without extra parameters [12, 15] .
Introduction
With the development of various high-resolution satellite sensors, it is possible to precisely monitor the surface of the earth [1] . In particular, multi-temporal satellite images are an effective data source that can detect changes in land use and land cover [2, 3] ; however, it is difficult to maintain radiometric consistency in multi-temporal images due to changes in atmospheric conditions, sensor-target-illumination geometry, sensor calibration, and differences in phenological conditions [4, 5] . Therefore, radiometric normalization, which is a preprocessing procedure, is performed to reduce-or eliminate-radiometric differences due to the aforementioned influences and increase sensitivity to landscape changes [6, 7] .
Radiometric normalization can be divided into two main categories: (1) absolute radiometric normalization and (2) relative radiometric normalization [7, 8] . Absolute radiometric normalization aims to convert digital numbers (DNs) that are recorded by satellite sensors to ground surface reflectance and corrects factors, such as sensor differences, solar angles, and atmospheric effects [9] . In other words, accurate sensor calibration parameters and atmospheric properties at the time of data sensitive to phenological characteristics, it is considered to be suitable for identifying radiometric and phenological effects.
For the datasets used in this experiment, images that were obtained from the Korea Multi-Purpose Satellite (KOMPSAT)-3A, which is a high-resolution satellite sensor, are used. The product level is L1G, which is corrected for radiometric, sensor, and geometric distortions and projected to Universal Transverse Mercator (UTM). The KOMPSAT-3A multispectral images, consisting of four spectral bands with 2.2-m spatial resolution, were acquired on 30 October 2015 and 18 June 2016, which have significant differences in phenological characteristics. The images were co-registered from twenty-five ground control points that were identified in each image, and the warping method used was a first-order polynomial combined with nearest-neighbor resampling. The root mean squared error (RMSE) is less than 0.5 pixels. Furthermore, experiments are performed with subsets of 1200 × 1200 pixels, and a total of three sites are selected to achieve reasonable computation time. The details of the datasets used in this study are provided in Table 1 , and the experimental images are shown in Figures 1-3 . sensitive to phenological characteristics, it is considered to be suitable for identifying radiometric and phenological effects. For the datasets used in this experiment, images that were obtained from the Korea Multi-Purpose Satellite (KOMPSAT)-3A, which is a high-resolution satellite sensor, are used. The product level is L1G, which is corrected for radiometric, sensor, and geometric distortions and projected to Universal Transverse Mercator (UTM). The KOMPSAT-3A multispectral images, consisting of four spectral bands with 2.2-m spatial resolution, were acquired on 30 October 2015 and 18 June 2016, which have significant differences in phenological characteristics. The images were co-registered from twenty-five ground control points that were identified in each image, and the warping method used was a first-order polynomial combined with nearest-neighbor resampling. The root mean squared error (RMSE) is less than 0.5 pixels. Furthermore, experiments are performed with subsets of 1200 1200 pixels, and a total of three sites are selected to achieve reasonable computation time. The details of the datasets used in this study are provided in Table 1 , and the experimental images are shown in Figures 1-3. 
Methods
The proposed relative radiometric normalization framework can be decomposed into five steps: (1) radiometric resolution compression, (2) extraction of RCSS, (3) selection of a spectral index, (4) phenological normalization based on MLP, and (5) postprocessing, all of which are shown in Figure 4 . The details of each step are described below. 
Radiometric Resolution Compression
Radiometric resolution refers to the number of bit depth divisions, which represent the reflected energy of targets and influence the analysis of targets' spectral features [35, 36] . At this time, the greater the spatial resolution, the more the radiometric resolution can lead to additional noise in the image processing results [36] . Furthermore, a lower radiometric resolution reduces the computational complexity and it is more time efficient, while the difference in the information content in the high and low radiometric data is negligible [35] . Therefore, in this study, the radiometric resolution of the images is compressed while using the linear rescale method, and the range is taken from 8-bit to 14-bit [35, 37] . The optimal radiometric resolution is set according to the results of multiple trials, with the goal to still balance the time cost and accuracy.
Extraction of RCSS
In this step, the RCSS extraction process is performed and, in order to ensure independence from operator performance effects, this process is automatically carried out. The proposed method is based on the NC method, which utilizes the scattergram between the near-infrared (NIR) bands of subject and reference images. This method locates the centers of the water and land-surface data clusters based on local maxima in the scattergram, where the water cluster center is not far from the origin, and the land-surface cluster center is near the center of the scattergram [19] . The coefficients for an NC line are computed once the above centers are determined, as shown in Equations (1) and (2):
where a is the gain, b is the offset, and are the respective water and land-surface data cluster centers of the subject image, and and are the respective water and land-surface data cluster centers of the reference image. Afterwards, a half vertical width (HVW) is defined via Equation (3):
where HPW is a half perpendicular width, which is commonly set to 10. Finally, the pixels inside the HVW are selected as the NC set, and they can be expressed via Equation (4): 
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where a is the gain, b is the offset, x W max and x L max are the respective water and land-surface data cluster centers of the subject image, and y W max and y L max are the respective water and land-surface data cluster centers of the reference image. Afterwards, a half vertical width (HVW) is defined via Equation (3):
where HPW is a half perpendicular width, which is commonly set to 10. Finally, the pixels inside the HVW are selected as the NC set, and they can be expressed via Equation (4):
where x NIR represents the pixels of the NIR band in the subject image and y NIR represents the pixels of the NIR band in the reference image.
Selection of the Spectral Index
A single pixel does not contain enough information and, therefore, features other than the pixel value must be considered to perform the phenological normalization [28, 38, 39] . The spectral indices are considered as features in this study, which is influenced by phenological properties [39] [40] [41] . At this time, the spectral indices calculated through reflectance, such as the normalized difference vegetation index, soil-adjusted vegetation index, or enhanced vegetation index, cannot be utilized, since the relative radiometric normalization is usually performed using the DN [3, 41, 42] . Therefore, the proposed method utilizes spectral indices that can be calculated through the DN values, among which the greenness indices of the excess green index (ExG), excess green minus excess red index (ExGR), vegetative index (VEG), color index of vegetation extraction (CIVE), and combined index (COM) are selected [43] [44] [45] . The greenness indices are obtained by converting the red-green-blue (RGB) color space to RGB chromatic coordinates, as defined in Equation (5):
where B, G, and R are the blue, green, and red bands, respectively, and B cc , G cc , and R cc are the chromatic coordinates of the blue, green, and red bands, respectively. Subsequently, the ExG, ExGR, VEG, CIVE, and COM are defined as in Equations (6)- (10):
At this time, feature selection is independently performed for each band, since the features affecting each band are different [25] . Furthermore, as the number of input features increases, the complexity of the model and noise increases, and thus it is important to select optimal features [46, 47] . Therefore, one optimal spectral index for each band is selected in this study.
Phenological Normalization Based on Multilayer Perceptron
As mentioned above, the changes that are caused by the growth of vegetation are the most typical nonlinear changes in the radiometric characteristics. In other words, a nonlinear relationship is required in order to perform normalization for the radiometric differences as well as the phenological differences [25, 26] . In this study, the nonlinear normalization is performed while using an MLP that is a representative algorithm for modeling nonlinear relationships [33, 48] . The architecture of MLP consists of three units: the input layer, output layer, and hidden layer. The input layer is the first layer that transfers the initial data into the network, the output layer is the last layer that collects and transmits the results, and the hidden layer is an intermediate layer between the input and output layers that processes the data [31] . Each layer is composed of several neurons, where every neuron is connected to all of the neurons in the next layer through weighting [33] . When the input data are x = x 1 , · · · x n , a neuron k can be expressed, as in Equation (11):
where w k1 , · · · w kn are the weights of neuron k, b is the bias, ϕ is the activation function, and y k is the output of the neuron k. In this study, the input layer has two neurons, which represent the DN (or reflectance) and the optimal spectral index obtained above, and the output layer has one, which represents the normalized DN (or reflectance). Furthermore, the learning process is performed using a back-propagation algorithm that adjusts weights to minimize the error between the actual value and predicted value based on loss function. The process is continued until a predefined accuracy level or the maximum iterations are reached. At this point, hyperparameters, such as the number of hidden layers, the number of neurons for hidden layers, learning rates, epochs, activation function, loss function, or optimizer, must be set up in order to construct the applicable MLP model [30] . The hyperparameters in the proposed method are selected based on experiences and experiments. As for the number of hidden layers, an increasing number causes a loss in the generalization power of the network, which might cause overfitting [49] . Furthermore, it increases the overall complexity of the algorithm and the training time [50] . Therefore, after considering the nature of the normalization, with limits of training time, only one hidden layer is considered [21, 25] . As for the selection of the number of neurons for the hidden layer, the comparison experiments are conducted by setting the number of neurons to 2, 3, 4, 5, 6, 7, 8, 9, 10, and 15. The performance evaluation is conducted with normalization accuracy, normalized RMSE (NRMSE), which provides a lower value and better performance while taking the visual and quantitative aspects of the normalized image into account; Figure 5 shows the confirmatory results. The results show that, after three neurons, the time cost sharply increases, while the accuracy is not improved with the increase in neurons. Therefore, to balance the accuracy and time cost, three neurons for the hidden layer are selected in this experiment. As for the epochs and the learning rate, the figures 200 and 10 −4 are chosen, respectively, to prevent overfitting [34, 51] . Furthermore, the activation function, loss function, and optimizer are selected as the rectified linear unit (ReLU), squared error, and adaptive moment estimation (ADAM), respectively. Table 2 summarizes all of the hyperparameters of the MLP and the values used in the proposed method.
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Results and Discussion

Comparisons of Normalization Results
This section presents the normalization results of the proposed algorithm and then compares them with the results of a conventional algorithm. First, our proposed normalization process is performed step-by-step for the experimental images, in which the radiometric resolution is compressed to 8-bits, and the spectral indices of the blue, green, red, and NIR bands are selected as ExG, COM, ExGR, and ExG, respectively. Subsequently, the results of our proposed method are compared with the conventional methods (MS, NC, histogram matching, and random forest (RF)) to evaluate them visually and quantitatively, and Figures 6-8 show the results for each experimental image.
From the overall visual inspection, the normalization of the proposed method is shown to be better than that of the conventional methods. MS and NC, which are regression-based methods, assume that the relationship between the subject and reference images is linear. However, as shown in the results, neither the phenological properties nor the radiometric properties are normalized. In other words, it can be confirmed that it is not appropriate to assume a linear relationship in the case of high-resolution images, in which vegetation changes exist. In the case of histogram matching, it is a representative nonlinear normalization method, which is based on global statistical information. Overall, the radiometric properties are normalized, while the normalization for the phenological properties is not performed at all. That is, when only statistical information is used, it is possible to normalize the radiometric properties, but there is a limit to phenological normalization. RF is a nonlinear method that is performed through RF regression, which uses neighbor information-based features, such as the mean, variance, and gray-level co-occurrence matrix as the training input values [25] . The results of this method show that the radiometric and phenological normalizations are performed, but spectral distortion is present. Furthermore, blurriness occurs in the results due to the neighbor information-based features, which results in some loss of detail, especially on linear objects. On the other hand, our proposed method shows that the radiometric and phenological normalizations are properly performed, and there is no spectral distortion or blurriness in the results. To verify the radiometric and phenological normalization results in detail, some regions are selected and enlarged, with red rectangles representing the built-up areas and green rectangles representing the vegetation areas. Figure 9 shows built-up areas, which represent the radiometric properties, consist of roads and the roofs of buildings, and the enlarged areas for each normalization result. For roads, the proposed method normalizes the radiometric properties in such a way that the image is the closest in consistency with the reference image, while, in the case of roofs, the results vary for the site. For site 2, showing a relatively large roof, the radiometric properties normalized through the proposed method show the most similarity with those of the reference image, whereas for site 3, showing several small roofs, the proposed method displays some turbidity when compared to other methods. In other words, roofs are affected by their objective size, which is judged according to its geometric distortion. Large-sized objects can be trained properly, even in the presence of geometric distortion, while small-sized objects acquire the characteristic of other surrounding objects, which adversely affects training. For vegetation areas, phenological properties, such as forests, grass, and crops, are included, and Figure 10 shows the corresponding enlarged areas. In the case of forests, it is confirmed that the areas without vegetation due to the phenological properties in the subject image are normalized to the same phenological properties as the reference image at all sites. For grass and crops, the performance of normalization is somewhat less than that for forests due to the heterogenous characteristics, but it contains the characteristics of the reference image as a whole.
Although visual inspection is a straightforward and direct manner of comparison, it is highly subjective; thus, quantitative evaluations of each method are further performed based on NRMSE. The NRMSE is defined as in Equations (12) and (13): To verify the radiometric and phenological normalization results in detail, some regions are selected and enlarged, with red rectangles representing the built-up areas and green rectangles representing the vegetation areas. Figure 9 shows built-up areas, which represent the radiometric properties, consist of roads and the roofs of buildings, and the enlarged areas for each normalization result. For roads, the proposed method normalizes the radiometric properties in such a way that the image is the closest in consistency with the reference image, while, in the case of roofs, the results vary for the site. For site 2, showing a relatively large roof, the radiometric properties normalized through the proposed method show the most similarity with those of the reference image, whereas for site 3, showing several small roofs, the proposed method displays some turbidity when compared to other methods. In other words, roofs are affected by their objective size, which is judged according to its geometric distortion. Large-sized objects can be trained properly, even in the presence of geometric distortion, while small-sized objects acquire the characteristic of other surrounding objects, which adversely affects training. For vegetation areas, phenological properties, such as forests, grass, and crops, are included, and Figure 10 shows the corresponding enlarged areas. In the case of forests, it is confirmed that the areas without vegetation due to the phenological properties in the subject image are normalized to the same phenological properties as the reference image at all sites. For grass and crops, the performance of normalization is somewhat less than that for forests due to the heterogenous characteristics, but it contains the characteristics of the reference image as a whole. (13) where
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is the total number of RCSSs; and, is the mean of RCSSs in the reference image of band i. Table 3 shows the NRMSE for the results of the proposed method and the conventional methods. 
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is the total number of RCSSs; and, is the mean of RCSSs in the reference image of band i. Table 3 shows the NRMSE for the results of the proposed method and the conventional methods. Although visual inspection is a straightforward and direct manner of comparison, it is highly subjective; thus, quantitative evaluations of each method are further performed based on NRMSE. The NRMSE is defined as in Equations (12) and (13): 13) where y N i is RCSSs in the normalized image of band i; y i is the RCSSs in the reference image of band i; n is the total number of RCSSs; and, y i is the mean of RCSSs in the reference image of band i. Table 3 shows the NRMSE for the results of the proposed method and the conventional methods. As a result of the quantitative evaluation through NRMSE, although all of the methods show a generally reduced radiometric variation, the proposed method displays the highest performance improvement among them. When compared with the performance of the subject image, on average, the proposed method improves it by 32.85-33.96%, whereas MS, NC, histogram matching, and RF are improved by 18.26-21%, 21.95-24.48%, 20.87-22.87%, and 25.12-28.82%, respectively. This means that the normalized image of the proposed method has the highest accuracy and it is similar to the radiometric and phenological properties of the reference image. In other words, the visual and quantitative evaluations both confirm that it would be useful to carry out normalization with the proposed method when phonological differences exist for the high-resolution images.
Influence of the Radiometric Resolution
The radiometric resolution represents the range that is normalized when performing the proposed method, which is closely related to the complexity and time cost. Therefore, the performance evaluation according to the radiometric resolution is performed and the range is set from 8-bit to 14-bit, as mentioned earlier. The average of the NRMSE in the entire band is calculated and considered with the training time, as shown in Figure 11 . In the case of site 1, the performance of 8-bit is the highest, and the training time is the lowest, while the performance of 14-bit is the lowest and the training time is the highest. At site 2, 8-bit has the highest performance and the lowest training time, and 14-bit has the lowest performance (same as site 1), while the training time is the highest in 12-bit mode. The best performance at site 3 is also 8-bit, but the lowest training time is 9-bit, and the lowest performance and the highest training time are the same as at site 1. Overall, similar results are obtained at all sites. As the radiometric resolution increases, the performance decreases, and the training time and complexity increase. In other words, high radiometric resolution leads to overtraining in the radiometric normalization, which requires more complex computations and it interferes with the performance improvements. Thus, 8-bit is selected as the optimal radiometric resolution in this study. 
Influence of the Spectral Index
The spectral index serves as a complement to the DN or reflectance for the phenological normalization, which is a key parameter in this study. A performance evaluation of each spectral index for each band is performed in order to select the optimal spectral index for each band, as shown in Table 4 . It can be found that the same tendency is shown at all sites. ExG show high performance in the blue and NIR bands, while the performance in the red band is relatively low. In the case of ExGR, the performance of the red band is satisfactory, while the blue, green, and NIR bands are somewhat inferior in performance. Furthermore, VEG has the lowest performance overall, and CIVE has a normal performance as a whole, but it does not show optimized performance. On the other hand, Com shows the highest performance in the green band, demonstrating reasonable performance as a whole. In other words, it is confirmed that there is a considerable difference in the influence of each spectral index on each band. Therefore, ExG, COM, ExGR, and ExG are selected as the optimal spectral indices for the blue, green, red, and NIR bands, respectively. 
Additional Dataset
Additional KOMPSAT-3 and KOMPSAT-3A data with different phenological properties are added in order to verify the robustness of the proposed method. The experimental area is Seoul, which mainly contains built-up areas and forests. KOMPSAT-3 and KOMPSAT-3A have the same spectral response functions and practical spectral ranges as the bands that are affected by atmospheric constituents and the surface, where the main difference between them is only the spatial resolution [53] . Therefore, the experiment is performed by resampling KOMPSAT-3 at 2.2 m, which is the same resolution as KOMPSAT-3A, and the size of the images is set to 2000 × 1500 pixels. Figure 12 provides the bitemporal images and normalization results. From a visual inspection, it can be seen that the normalization of the radiometric and phenological properties are properly performed. In particular, the spectral characteristics of the forest area are normalized to be the same as those of the reference image. Furthermore, as shown in Table 5 , the performance for the additional area is similar to that in the previous results. In other words, it can be confirmed that the proposed method can also achieve satisfactory results with the additional dataset. which mainly contains built-up areas and forests. KOMPSAT-3 and KOMPSAT-3A have the same spectral response functions and practical spectral ranges as the bands that are affected by atmospheric constituents and the surface, where the main difference between them is only the spatial resolution [53] . Therefore, the experiment is performed by resampling KOMPSAT-3 at 2.2 m, which is the same resolution as KOMPSAT-3A, and the size of the images is set to 2000 1500 pixels. Figure 12 provides the bitemporal images and normalization results. From a visual inspection, it can be seen that the normalization of the radiometric and phenological properties are properly performed. In particular, the spectral characteristics of the forest area are normalized to be the same as those of the reference image. Furthermore, as shown in Table 5 , the performance for the additional area is similar to that in the previous results. In other words, it can be confirmed that the proposed method can also achieve satisfactory results with the additional dataset. 
Conclusions
This paper proposes a novel method for performing the normalization of radiometric properties due to atmospheric conditions and phenological properties due to changes in vegetation for high-resolution satellite images. MLP forms the basis of the proposed method, and a nonlinear relationship is assumed in order to normalize the aforementioned properties, in contrast to the approach that is used by conventional relative radiometric normalization algorithms. The proposed method performs radiometric resolution compression for subject and reference images, and 8-bit is selected when considering the complexity and time cost. Subsequently, RCSS is extracted based on 
This paper proposes a novel method for performing the normalization of radiometric properties due to atmospheric conditions and phenological properties due to changes in vegetation for high-resolution satellite images. MLP forms the basis of the proposed method, and a nonlinear relationship is assumed in order to normalize the aforementioned properties, in contrast to the approach that is used by conventional relative radiometric normalization algorithms. The proposed method performs radiometric resolution compression for subject and reference images, and 8-bit is selected when considering the complexity and time cost. Subsequently, RCSS is extracted based on the NC method, and a spectral index for each band is selected (ExG, COM, ExGR, and ExG). Phenological normalization is performed by establishing a nonlinear relationship through MLP. Regarding MLP, the number of hidden layers is fixed at one, when considering the algorithm generalization and the training time limits, while the number of the layer's neurons is determined through experiments. Generally, the higher the number of neurons for the hidden layer, the greater the network capacity required to train the model. However, in this study, it is confirmed that, as the number of neurons for hidden layer increased, the training time increased, while the accuracy decreased. In other words, networks with high complexity have poor generalizations and adverse effects as compared to small and simple networks. Thus, three neurons for the hidden layer are selected. Finally, the global radiometric properties are adjusted through postprocessing.
The proposed method is then compared with conventional methods (MS, NC, histogram matching, and RF), which shows superior results via both visual inspection and quantitative evaluation. Visually, this finding suggests that the concepts that are mentioned above are suited to normalize radiometric and phenological properties. The methods that assume linear relationships cannot normalize the radiometric and phenological properties at all. When assuming a nonlinear relationship, if only statistical information is used, the radiometric properties are normalized, but phenological normalization cannot be performed. In the RF approach, radiometric and phenological normalizations are performed, but with a loss of information, such as spectral distortion and blurriness, which is due to neighbor information-based features. Furthermore, to analyze the radiometric and phenological properties in detail, some areas are enlarged. In terms of the radiometric properties, homogeneous features, such as roads, show better performance when compared to heterogenous features, such as roofs, which are constructed with a variety of materials. The heterogenous features are especially affected by object size in the presence of geometric distortion. Similar tendencies are observed in the case of phenological properties, where the normalization of the homogeneous features, such as forests, is better than of the heterogenous features, such as grass and crops. Quantitatively, the NRMSE of the proposed method is the most improved when compared with the performance of the subject image. In other words, the normalized image of the proposed method is the most similar to the radiometric and phenological properties of the reference image, which represents the applicability of the proposed method as a preprocessing step in change detection when vegetation changes exist in multi-temporal images.
Future works will focus on the following aspects. First, acquiring enough images for each season, period, and sensor to more thoroughly evaluate the various characteristics should be undertaken to perform additional verification. Second, spectral indices excluding those used in this study should be considered, and further analysis on the effect of their combinations should be studied. Third, further research on the hyperparameters, such as the number of hidden layers and the number of neurons, should be conducted to achieve the most optimal normalization results. Finally, the applicability of change detection should be investigated by applying normalized images from the proposed method to change detection. 
